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Technology and Technical Medicine, University of Twente, The NetherlandsABSTRACT Single molecule tracking of membrane proteins by fluorescence microscopy is a promising method to investigate
dynamic processes in live cells. Translating the trajectories of proteins to biological implications, such as protein interactions,
requires the classification of protein motion within the trajectories. Spatial information of protein motion may reveal where the
protein interacts with cellular structures, because binding of proteins to such structures often alters their diffusion speed. For
dynamic diffusion systems, we provide an analytical framework to determine in which diffusion state amolecule is residing during
the course of its trajectory. We compare different methods for the quantification of motion to utilize this framework for the clas-
sification of two diffusion states (two populations with different diffusion speed). We found that a gyration quantification method
and a Bayesian statistics-based method are the most accurate in diffusion-state classification for realistic experimentally ob-
tained datasets, of which the gyration method is much less computationally demanding. After classification of the diffusion,
the lifetime of the states can be determined, and images of the diffusion states can be reconstructed at high resolution. Simu-
lations validate these applications. We apply the classification and its applications to experimental data to demonstrate the po-
tential of this approach to obtain further insights into the dynamics of cell membrane proteins.INTRODUCTIONIt remains an elusive dream to be able to follow a protein
and its interactions as the protein travels through the cell
during its lifespan. Nevertheless, single molecule tracking
by fluorescence microscopy allows one to follow a protein
in a living cell at high resolution for a short period of time
and to record its trajectory (1–6). Tracking of proteins in
live cells is a unique approach to obtain details on dynamical
protein association and dissociation kinetics in a spatio-
temporal manner, and complements other fluorescence
microscopy techniques (7–9). Single molecule tracking
techniques have given us valuable insight into the dynamics
and biological functions of proteins (6,10–12) and the orga-
nization of the plasma membrane (13–16). Despite method-
ological advances and the insight obtained by contemporary
analysis methods, there remains a need to further develop
analysis tools that can translate experimental data into bio-
logical insights. For example, spatiotemporal information
on the diffusion of membrane proteins would contribute to
a biophysical understanding of the organization of these
protein complexes.
Trajectories of proteins obtained by tracking techniques
contain information about the interaction and functional
states of the protein. For example, the phosphorylation stateSubmitted February 4, 2014, and accepted for publication May 29, 2014.
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0006-3495/14/08/0588/11 $2.00of many membrane-bound tyrosine kinase receptors is
related to the formation of dimers or higher-order aggre-
gates (17,18). Clearly, proteins associated with these
aggregates are expected to show lower mobility than free
monomeric receptor molecules, which is reflected in their
trajectories. Additionally, proteins often transiently interact
with other molecules in nanoscale compartmentalization
structures in the plasma membrane or with cytoskeletal
structures, both resulting in transient slowed diffusion or
confinement (4–6,19–23). Not only do interactions with
molecules alter protein mobility, but the mobility of a pro-
tein also affects the possibility of interactions with other
molecules (24–26). A detailed knowledge of the interactions
of proteins and their dynamics is therefore important to un-
derstand the underlying signal transduction processes and to
model the cellular signal regulatory system (24–28).
Translating the trajectories of proteins to biological
events, such as protein interactions, requires the classifica-
tion of protein motion within the trajectories. Protein species
transiently exhibit different types of motion. The motion of
membrane proteins can often be described by two dynamic
populations of pure Brownian diffusion (6,19,23), which
we refer to as the diffusion states (Fig. 1 A). It is, however,
nontrivial to accurately determine in which diffusion state
the protein is residing during the measured trajectory.
Several issues hamper faultless state classification. Proteins
exhibiting different diffusion states often have overlapping
distributions of step sizes (Fig. 1 B). Furthermore, the local-
ization of proteins has a limited accuracy, and the switchinghttp://dx.doi.org/10.1016/j.bpj.2014.05.049
FIGURE 1 Proposed framework for state classification and problem
statement. (A) Schematic to illustrate a typical trajectory of a single protein
on a plasma cell membrane, displaying switching behavior between two
states with different diffusion coefficients. (B) Distributions of observed
squared displacements (SD) resulting from different diffusion coefficients
show large overlap. A measured step-size value (an example is indicated
with an arrow) cannot be classified with high certainty to unambiguously
originate from a particular state, which demonstrates one of the problems
to be solved for diffusion state classification. To compose this histogram,
a localization inaccuracy sxy of 40 nm was added to the positions in the sim-
ulations. (C) Scheme of the methodology followed to test the various clas-
sification methods on correctness of state classification. After generation of
simulated trajectories with dynamic-state allocation, we determine the
diffusion constants (D1 and D2) and the fraction (a) of the fast state from
all displacements using a CDF fit. The track is divided into segments of a
certain window length (N), and for each segment the tested quantification
methods provide a value W using only the positions in that segment. For
each segment the motion is classified as fast or slow diffusion. The
threshold (T) for classification is determined from all valuesW and the frac-
tion a. The center position of the segment is classified as slow diffusion
when W is smaller than the threshold T, and as fast diffusion otherwise.
The found state is compared with the actual (remembered) state to yield
the classification correctness. The same scheme is followed for the diffusion
state classification of experimental data. Although the correctness clearly
cannot be determined in that case, an estimation of the correctness can
be determined by performing simulations at the parameters found by the
CDF fit.
Diffusion Classification in Trajectories 589between the diffusion states is a stochastic process. Diffu-
sion-state classification methods are needed to determine
when, and in what regions, the protein exhibited distinct
diffusion behavior. These regions might point toward a
role of certain cellular structures in the function of the stud-ied protein species. In addition, the lifetimes of these diffu-
sion states (the inverse kinetic rate) can be directly derived
from the diffusion state durations, and are useful parameters
to comprehend the role of the studied protein in complexes
associated with cellular regulatory systems. The combined
insight may eventually reveal the spatiotemporal design
principles of cell decision-making (27).
A widely used analysis method for single molecule
tracking data considers complete trajectories using mean-
squared displacement (MSD) curves (3,29–32). For ho-
mogenous motion, the shape of the MSD curve contains
information about the nature of the diffusion, e.g., pure,
confined, or hop diffusion (3,13,33,34). Because the MSD
curve is composed of averages of all distances, transient
diffusion states cannot be resolved by these full-trajectory
MSD analyses (see Fig. S1 in the Supporting Material).
When it was realized that protein motion is not homoge-
neous, but shows transient effects (1,4,10,22,35), local
methods were developed that considered subtrajectories
(segments) of a trajectory (4,34,36,37). These methods are
hampered, however, by the limited number of positions
within one segment to obtain accurate diffusion coefficients
or confinement strengths. An alternative Monte Carlo-based
method (38) is particularly useful to find the kinetic
rates between well-differentiated diffusion populations.
This method finds diffusion coefficients, their fractions,
and the switching rates for the whole set of trajectories,
but does not spatially resolve the states. Therefore, we pro-
pose what we believe to be a new approach that uses a global
method (analyzing all trajectories obtained) to determine the
different diffusion states of the protein studied, whereas
local methods are used to classify short segments of a trajec-
tory to one of the diffusion states found. We compare several
local methods to classify parts of trajectories (segments) to a
diffusion state.Proposed scheme for diffusion state
classification
For pure diffusion systems, the multiple diffusion states can
be accurately determined using a fit of the cumulative distri-
bution function (CDF) of the squared displacements (20). In
this article, we assume that the motion of membrane pro-
teins can be described by two states of Brownian diffusion,
termed the ‘‘fast’’ and the ‘‘slow’’ population. Whether this
assumption is correct can be checked beforehand by looking
at the residuals of a fit of the CDF of step sizes in two-pop-
ulation diffusion (detailed later). After obtaining accurate
diffusion parameters by this fit, local methods are used
only to classify short segments of a trajectory to one of
the diffusion states found. Existing local diffusion or
confinement detection methods (34,36,37) can be expanded
to yield a local quantification measure that can be used for
classification. Subsequently, the classification to a diffusion
state is based on a threshold for the quantification measures.Biophysical Journal 107(3) 588–598
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describing the diffusion states (determined by the fit), and
the threshold is therefore based on the experimental data.
Thereby, we eliminate the subjective manual thresholding
of earlier confinement methods to detect transitions between
motion states. The need for manual thresholding was earlier
mentioned as a disadvantage of using window (segments)-
based methods (39).
We emphasize that there is no need to determine local
diffusion values of segments, because the CDF fit has
already accurately provided the diffusion values present
within the trajectories. The segments only need to be classi-
fied to one of the diffusion states. The length of the segments
should be carefully chosen such that the corresponding
duration is shorter than the typical switching time between
states, whereas the duration must be long enough to obtain
an accurate measure for the classification. We test different
local methods and the influence of different segment lengths
for diffusion classification using two-state Brownian dy-
namics simulations (Fig. 1 C), and compare this approach
to a recently developed Bayesian method (40).Existing motion classification schemes
Several schemes have been proposed to differentiate be-
tween the supposed motion types of single proteins found
in (sub)trajectories, such as directed, confined, and normal
diffusion (33,39,41,42). Three of these schemes consider
classification of pure diffusion states (40,43,44). Two of
these schemes were based on maximum likelihood estima-
tion (MLE). The scheme devised by Ott et al. (44) employs
an MLE approach to classify between diffusive states (also
included in our comparison), and uses hidden Markov
models to find the diffusion coefficients of these states.
The other scheme relies on a large number of localizations
and a prior defined number of diffusion-state switching
occurrences (43). With contemporary fluorescence micro-
scopy techniques, it is still impossible to accurately localize
many positions to find the actual state before the protein
switches between states. Furthermore, the amount of
diffusion-state switching occurrences is not known before-
hand, because this switching is a stochastic process. In
2004, another scheme was proposed that used Bayesian sta-
tistics (45) to discriminate between slow and fast Brownian
motion in a spatiotemporal fashion without prior knowledge
(40). This scheme combines information from thousands
of short trajectories to identify the number of diffusive
states and the state transition rates, and is included in our
comparison.
The classification of confined motion, i.e., motion hin-
dered by transient confinement zones, has been discussed
elsewhere (3,20,22,38,39). We emphasize that our approach
is not in contrast to the idea of transient confinement zones.
In fact, whether the slow diffusion state originates from pure
Brownian motion, a transient confinement, or an immobili-Biophysical Journal 107(3) 588–598zation of the protein, cannot be revealed from the limited
number of typically acquired positions, and requires other
experimental and analytical methods. Although the transient
confinement and slowed diffusion are closely related,
confinement is actually defined as pure diffusive motion
restricted by boundaries that cannot be crossed. The
confinement area should be of reasonable size such that
normal diffusion within this area can still occur. There is
no consensus yet on the exact type of motion proteins
exhibit.MATERIALS AND METHODS
Classification scheme
We provide an overview of our approach to test classification of segments to
dynamic two-population diffusion states (Fig. 1 C), followed by a more
detailed description of the individual steps. To begin, the two diffusion co-
efficients and their fractional contribution to the trajectories are determined
using a CDF fit of the squared displacements (20). Next, we use one of the
different local quantification methods, listed in Quantification Measures in
the Supporting Material, which assigns a value to each position in the tra-
jectory. All these methods yield a higher value for a higher diffusion speed.
Subsequently, thresholding of these values for the classification is done by
taking the ath percentile value of all values found (with a the percentage of
step sizes fitted to the first population). For example, when the fraction size
of fast diffusion is 0.30, we set the threshold value such that 30% of the
values are higher than the threshold value. By taking this threshold, we
perform the classification objectively, because the fraction percentage is
already accurately determined beforehand from the experimental data itself.
To compare the different detection methods in this framework, we tested
them using simulated trajectories, where we know the actual diffusion state
at each position. The final step in testing the framework is a one-to-one
comparison of the found state to the actual (simulated) diffusion state,
yielding the classification correctness. We define the classification correct-
ness as the percentage of positions that are correctly classified divided by
the total number of classified positions. The state lifetimes t1 and t2 found
by the analysis are compared with the actual lifetimes for the most prom-
ising method.Generation of synthetic trajectories
Two-population diffusion trajectories were generated using MATLAB (The
MathWorks, Natick, MA) with the GPUMAT toolbox (8). Each set con-
tained 1000 trajectories composed of 1000 frames (positions) in two dimen-
sions with Brownian diffusion steps in between points. The molecule is
allowed to change between diffusion states within a trajectory. In more
detail, the positions are given by
xiþ1 ¼ xi þ R ,
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2DjDt
p
; (1)
yiþ1 ¼ yi þ R ,
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
2DjDt
p
; (2)where i is the frame number, R is a random number from a standard normal
distribution, D is the diffusion coefficient of the diffusion state j, and Dt isj
the time between frames (Dt ¼ 40 ms unless otherwise stated). The dynam-
ical switching behavior between the two diffusion states (e.g., j ¼ 1, also
called fast, and j ¼ 2, also called slow) is provided by generating subse-
quent state durations. The duration of the state is determined by taking a
random number from an exponential distribution (a Poisson process) with
a given characteristic time t1 and t2. Diffusion states of all steps in the
set are stored, to be able to verify the classification method. Each position
Diffusion Classification in Trajectories 591(xi, yi) is given a localization inaccuracy error by adding a random number
from a normally distributed pool with standard deviation sxy in each dimen-
sion. The localization error in the x-plane sx is equal to the error in the
y-plane sy, therefore sxy ¼ sx ¼ sy.Cumulative distribution function of squared
displacements
To find the diffusion constants D1 and D2 and the fraction a of the first pop-
ulation, we calculate the cumulative distribution function of squared dis-
placements for the complete set of trajectories (20). Using the complete
distribution yields insights into the behavior of the entire population of
single molecules, without ensemble averaging effects. As long as there is
a large dataset of displacements to build a reliable CDF, it is a straightfor-
ward and reliable method to find the global diffusion coefficients and their
fractions. For the two-dimensional case, the CDF for the squared displace-
ments (DR)2, for a time lag t ¼ n , Dt, for two diffusion components is
given by
CDF

DR2ðtÞ¼1 a , exp
0@ ðDRÞ2
4 D1t þ 2

s2x þ s2y

1A
ð1 aÞ, exp
0@ ðDRÞ2
4 D2t þ 2

s2x þ s2y

1A;
(3)
where a is the fraction corresponding to the motion with diffusion coeffi-
cientD1. To deal with the localization inaccuracy in the exponent, we deter-
mine D1, D2, and a for the time lags corresponding to one and two frames,
and fit the exponential terms:
CDF

DR2ð1Þ ¼ 1 at¼ 1 , exp
 
 ðDRÞ
2
4 bD1;t¼ 1
!
 ð1 at¼ 1Þ , exp
 
 ðDRÞ
2
4 bD2;t¼ 1
!
;
(4)
   2 !
CDF DR2ð2Þ ¼ 1 at¼ 2 , exp  ðDRÞ
4 , 2 bD1;t¼ 2
 ð1 at¼ 2Þ , exp
 
 ðDRÞ
2
4 , 2 bD2;t¼ 2
!
;
(5)
which yield the uncorrected diffusion coefficients for each time lag, for
example,
bD1;t¼ 1 ¼ D1;t¼ 1 þ s2xy;
because sx
2 þ sy2 ¼ 2sxy2, and similarly
2 bD1;t¼ 2 ¼ 2 ,D1;t¼ 2 þ s2xy:
Now the estimated diffusion coefficient for the first (and similarly for the
second) population corrected for the localization error isD1 ¼ 2bD1;t¼ 2  bD1;t¼ 1
¼

2D1;t¼ 2 þ s2xy



D1;t¼ 1 þ s2xy

¼ 2D1;t¼ 2  D1;t¼ 1: (6)
For the fractionawe take the average of the valuesat¼1 andat¼2. In the sim-
ulations, these two values did not differ by more than a few percent.We have
used linear least squares to fit the CDF to the data. Fig. S11 shows an example
of a CDF fit for motion with two clearly separated diffusion populations.Quantification measures
The next step is to quantify the motion of a molecule for each frame in its
trajectory. To this end, the trajectories are split in small segments, contain-
ing a total number ofN subsequent positions (the segment length), and these
segments are given a value W by one of the tested quantification measures.
Many methods could serve as a measure for slow or fast diffusion. This
measure can be, but is not limited to, an estimated diffusion coefficient
or confinement index. We have tested the following methods: windowed
MSD (34), relative confinement (35,36), the gyration radius (37), and
MLE. Besides these windowed measures, we also tested a Bayesian statis-
tics approach (40) using software made available by these authors. A
detailed discussion of the measures used can be found in Quantification
Measures in the Supporting Material.State classification
When the motion within a segment is quantified, it can be classified as State
1 (corresponding to fast diffusion with coefficient D1) or as State 2 (corre-
sponding to slow diffusion with coefficient D2). We allocate the classifica-
tion of the segment to the center position of that segment, so that a state
duration can still be shorter than the segment length. For the MLE, the clas-
sification is performed intrinsically. For the relative confinement and gyra-
tion radius methods, the classification is provided by comparing the valueW
to a threshold value T. A segment is classified as State 1 ifW is larger than a
threshold value T, and as State 2 otherwise. The threshold value T is deter-
mined by taking all found values W, and calculating the ath percentile of
these values (with a the percentage of step sizes fitted to the first popula-
tion). Hence, the already known fraction of the diffusion population is
used to define the threshold value for the measure to perform the
classification.
In the case of the windowed MSD, we slightly altered the way to deter-
mine the threshold T, due to reasons described in the Results. We used a
likelihood approach to calculate the chance that a single valueW (calculated
for a segment) originates from diffusion with D1 or originates from diffu-
sion with D2. In more detail, a probability density function (PDF) of W is
composed for each diffusion constant given the values of the diffusion
coefficients D1 and D2. Examples of such PDFs are shown in Fig. S12 A.
The threshold value T is chosen as that value of W where the PDF of W
from D1 intersects the PDF of W from D2 (such that L1(T) ¼ L2(T)). In
this way, the segment is classified to the most likely state.
The PDF of W for the windowed MSD method for a given diffusion
coefficient is calculated as follows: Using a one-population Brownian simu-
lation, a trajectory (containing 106 positions) is calculated. From this, we
calculated the values W for all segments in the trajectory. Next, the PDF
of the found values W is composed. This procedure is performed for both
D1 and D2. Finally, the intersection of these two PDFs is determined.Visualization
After the state classification has been performed, either in simulations or in
experimental data, the information obtained can be used for subsequentBiophysical Journal 107(3) 588–598
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video recording are used to reconstruct an image, such that one can visu-
alize the areas where the molecules have traveled. Each individual position
(localization) is represented by a color-coded dot. The color of the dot de-
pends on the state found at that position and time: red for the slow state, and
green for the fast state. This results in diffusion-state images at high reso-
lution showing the areas of slow and fast diffusion. We removed immobile
trajectories because these were typically found on the glass substrate and
not in cells. The filter for immobile trajectories was based on the gyration
method applied on a complete trajectory, with the threshold for the reached
area defined by a gyration radius of 40 nm, as this corresponded to the
apparent area traveled by an immobile molecule due to the localization
accuracy. This means that only those molecules are displayed that exhibit
motion at least once.Live cell experiments
See Live Cell Experiments Methodology in the Supporting Material.FIGURE 2 Correctness of the two-population classification by different
quantification measures for different simulated cases (A–D in the corre-
sponding panels). The correctness of the different quantification measures
is plotted against the segment lengths used in the classification. The
Bayesian method does not use segments, and its result is shown (dashed
line). In all simulation cases D1 ¼ 0.06 mm2/s and D2 ¼ 0.015 mm2/s. (A)
Simulation case A has a localization inaccuracy sxy of 40 nm and short state
lifetimes (t1 and t2). (B) This simulation case differs from case A only by a
lowered localization inaccuracy sxy. (C) This simulation case differs from
case A only by having a longer fast-state lifetime t1. (D) This simulation
case also has a longer slow-state lifetime t2.RESULTS
Performance of different quantification measures
Wevalidated our approach by simulating the extreme case of
well-separated diffusion constants with D1 ¼ 40  D2 and
long-state durations. We obtained a correctness of >95%
for windowed MSD, and >99% for the other methods, as
expected for clearly distinct motion. Next, we tested the
different quantification measure methods for diffusion clas-
sification, and studied the influence of different segment
lengths therein. Therefore, we simulated (at 25 fps) four
cases with two diffusion states with different state lifetimes
and localization accuracy. The cases were chosen to provide
a challenging and realistic situation for discrimination of the
two diffusion constants from experimentally obtained single
molecule trajectories.
The diffusion constants were chosen to reflect rela-
tively slow membrane receptors (unpublished observations):
D1¼ 0.06 mm2/s, and D2¼ 0.015 mm2/s. (For other ratios of
diffusion coefficients, see Fig. S4.) We chose our switching
settings close to the values found for the epidermal growth
factor (EGF) receptor (4): t¼ 300–900 ms. The localization
accuracy depends on the number of photons recorded
from a molecule per frame. The chosen localization accu-
racies are typical values observed for quantum dot labels
(sxy ¼ 20 nm) or fluorescent protein labels (sxy ¼ 40 nm),
whereas organic dyes will often be somewhere in between
these values. The accuracy does not only depend on the
number of photons acquired for localization, but also on
the labeling strategy. For instance, antibodies are large mac-
romolecules and their flexibility leads to a lower localization
accuracy.
Fig. 2 shows the performance of diffusion-state classifica-
tion for different quantification measures of local diffusion
together with the influence of the segment length chosen.
For the windowed MSD method, we display the correctness
when using the first three points of the MSD curve in the
fit, because this gave the best correctness in all the simulationBiophysical Journal 107(3) 588–598cases. For the first simulation (case A), we chose the locali-
zation accuracy sxy ¼ 40 nm and the state lifetimes were
both set to 300 ms. To study the influence of the localization
accuracy sxy alone, in simulation case B this parameter was
lowered to 20 nm. In simulation cases C and D, only the
switching behavior was altered compared to case A to be
able to test the influence of the state lifetimes. When the
two lifetimes are not equal (case C), this clearly changes
the diffusion fractions, such that there are an unequal number
of molecules in each state on average. The two diffusion co-
efficients and their fractions were not assumed to be known
beforehand, analogous to experimental data. These state pa-
rameters are found for each simulation by a fit to the CDF of
squared displacements. The results show that an optimal
choice of the segment length is needed to yield the best clas-
sification correctness. The optimal segment length depends
to a large extent on the state lifetimes and also on the partic-
ular quantification measure used in the state classification.
We find that the non-diffusion-based gyration evolution
method is the most accurate measure for diffusion-state
FIGURE 3 (A) The correctness dependence on the choice of the state
classification threshold for simulation case A (left curves) and case C (right
curves). The threshold varied with the ath percentile value of calculated
quantification-measure values W. In these simulation cases, the fraction
size for fast diffusion a ¼ 0.5 and a ¼ 0.75 (cases A and C, respectively),
and the classification, was performed with a segment length of seven
frames. The windowed MSD method does not yield optimal correctness
with a threshold using the ath percentile, yet the optimal threshold does
not provide any information either. Therefore the threshold selection for
this method was altered to using the likelihood that the found value for a
segment corresponds to either of the two diffusion states. (B) Robustness
of the MLE and gyration-based classification. When simulations with 100
trajectories and 1000 frames are repeated 100 times, variations can come
from the accuracy of the CDF fit. (Box plot) Resulting distribution (5, 25,
50, 75, 95%) of the obtained classification correctness using MLE and
the gyration (Gyr) method for all simulation cases (A–D, left to right)
due to this effect.
Diffusion Classification in Trajectories 593classification in the simulation cases, with localization accu-
racy of 40 nm (cases A, C, and D). In these cases, for equally
sized diffusion populations (cases A and D), the gyration-
based classification scores better than classification using
any other method. When the diffusion populations are not
equally sized (case C), the gyration-based classification
scores almost as well as the computationally much more
expensive Bayesian method. In simulation case B with
a localization accuracy of 20 nm, the Bayesian method
and MLE-based classification score better than the other
methods. This trend continues when there is no localization
inaccuracy; simulations for this case showed the MLE
method then scores 81% correct compared to 74% for
the gyration-based classification. In practice, however, the
localization will rarely be better than 20 nm, due to the
limited number of photons and biochemistry labeling-
related issues. In the case of slow-state switching behavior
(case D), the gyration-based classification at these state-
switching rates is already close to its best possible perfor-
mance with these diffusion coefficients and localization
inaccuracy; increasing the average state duration to infinity
only resulted in 3% improvement in correctness. The classi-
fication correctness for the windowed MSD achieved when
another number of points in the MSD curve is taken to
perform the fit can be found in Fig. S2. The classification
correctness when we set a minimum state duration for a
number of frames can be found in Fig. S3.
After classification of the diffusion inside trajectories, the
lifetime of the states can be determined by composing a
histogramof state durations and fitting the lifetime.We deter-
mined the distribution of the slow- and the fast-state lifetimes
found by the gyration-based classification in trajectories of
simulation case A (see Fig. S5). We found that the state life-
times fitted are shorter than the actual (simulated) lifetimes,
especially for longer state lifetimes. Additional simulations
showed that a trend of changing the state lifetimes in the
simulation is reflected in the lifetimes found, although larger
lifetimes (as in case D) are significantly underestimated,
especially when the correctness is <85%.
Although the correctness percentages provide a measure of
the classification performance, the exact number might not
give a feeling for how useful such a classification is. We will
return to this point in the section on identifying the zones
of slow diffusion. Clearly the percentage must be >50% to
have any relevance, because this percentage would also be
obtained by a completely random state allocation.Optimized threshold
The windowed MSD, relative confinement, and gyration
measures use a threshold for classification. We noticed
that for the windowed MSD, the classification correctness
was not around its maximum with the threshold at the ath
percentile, especially for unequally sized diffusion popula-
tions (Fig. 3 A). In the case of simulation case C (i.e.,with unequally sized diffusion populations), the best result
when using the windowed MSD as the quantification mea-
sure would be to classify every position as fast diffusion,
and thereby scoring ~75% correct (i.e., the fast fraction
size). However, such classifications would not provide any
information. The other methods score the same correctness
at the 100th percentile threshold by definition, but these
methods score a higher correctness with a threshold at the
ath percentile. For the windowed MSD method, we there-
fore used another threshold. We instead compared the likeli-
hoods that a valueW for a segment originates from diffusion
with diffusion coefficient D1 or from diffusion with diffu-
sion coefficient D2. In other words, the threshold was set
at the intersection of the probability density functions of
the values obtained with the windowed MSD for diffusionBiophysical Journal 107(3) 588–598
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and Methods). We verified that the windowed MSD using
likelihoods for state classification indeed performed with a
higher correctness compared to when window MSD values
are compared to a threshold using the ath percentile. Likeli-
hood methods do not regard the fraction size a to determine
the most likely state for a segment, therefore the MLE and
the Bayesian methods are not included in Fig. 3 A.Classification robustness
The values for the classification performance in Fig. 2 and
Fig. 3 A are average values that are obtained for many clas-
sifications. Because one simulation entailed 1000 trajec-
tories of 1000 frames, the statistical noise averaged out
between simulations with the same diffusion parameters.
However, analyzing the results of one simulation is not suf-
ficient to predict the robustness of the method, because the
robustness in the correctness also depends on other aspects
of the classification framework. For example, the correctness
depends in large extent on the fitted diffusion constants and
fractions obtained from the CDF fit. Therefore, we tested
whether small perturbations in the CDF fit influenced the ob-
tained correctness for the MLE and gyration method. We
used a segment length of seven frames to classify 100 simu-
lations to obtain the distribution of the correctness. In each
simulation we used the simulation settings of case A, except
for the number of trajectories in the simulations, which was
lowered to 100 trajectories (a realistic number of molecules
in a tracking experiment). In this way, fewer displacements
are available for the CDF fit, and therefore the fitted values
have a larger spread in subsequent simulations. The resulting
correctness distributions (Fig. 3 B) shows that neither of the
twomethods is influenced dramatically by slightly perturbed
CDF fits, except for the case where both fractions are not
equally distributed (case C). The spread, in that case, is espe-
cially large in the MLE method.FIGURE 4 Diffusion states classified by the gyration method, visualized
at high-resolution, with images displaying the regions in the fast state (A)
and slow state (B). The simulation was designed with spatially defined
zones (vertical lines) for diffusion states. Here the slow-state regions
were 120-nm wide and are separated by 600-nm-wide fast-state regions.
The regions of the slow diffusion state are suitably classified and clearly
visible. The dimension of the image is 15  15 mm, and the image is recon-
structed at a resolution of 30 nm/pixel.Identifying the zones of slow diffusion
After state classification of the diffusion, super-resolution-
like images of the diffusion states can be reconstructed.
When the distribution of slowdiffusion zones is not randomly
distributed, the proposed approach for diffusion-state classi-
fication should be able to detect these zones. To validate this
application, we performed simulations of 200 trajectories
where the diffusion state was spatially defined. The regions
with slowdiffusionwere defined as 1 pixel wide (correspond-
ing to 120 nm), and were separated by 5 pixels. The separa-
tions were the regions of fast diffusion. The diffusion value
in the fast region was chosen D1 ¼ 0.10 mm2/s, and in the
slow regions it was chosen D2 ¼ 0.01 mm2/s, with the local-
ization accuracy sxy¼ 20 nm. These settings were chosen to
represent a typical membrane protein imaged utilizing bright
fluorophores. The resulting state lifetimes were ~300ms.WeBiophysical Journal 107(3) 588–598performed the diffusion-state classification using the gyra-
tion-quantification measure with a segment length of four
frames (Fig. 4 and see Movie S1 in the SupportingMaterial).
Simulations with the diffusion-state parameters mentioned
showed that this is the optimal segment length. The correct-
ness of gyration-based classification was 85%. The figure
shows that the performance is more than adequate to visu-
alize the spatial diffusion-state organization described. The
actual states of the simulation and the same reconstruc-
tion image using MLE-based classification are shown in
Fig. S7. For comparison, when the motion and the state
switching is completely random, such as in simulation case
A, the reconstruction map also shows apparent zones (see
Fig. S6). However, these zones are only caused by the
randomness of Brownian movement.Example of classification applied to EGF receptor
The advantage of spatiotemporal-resolved state classifica-
tion is the possibility to observe where the molecules have
traveled in which diffusion state. Reconstructed videos
may also reveal whether multiple diffusion populations are
originating from a pool of molecules exhibiting either diffu-
sion state, or a pool of molecules transiently making transi-
tions between the states. The lifetimes of the states can be
determined as well from the histogram of state durations.
To demonstrate the potential of the application of diffu-
sion-state classification, we performed a gyration-based clas-
sification on experimental single molecule tracking data. We
recorded fluorescence images of fluorescently labeled EGF
receptor in MCF7 cells by utilizing SNAP-tag (see Movie
S2). In this video recording we detected, on average, 210
fluorescent molecules per frame (see Fig. S8 D). The locali-
zation accuracy in our video is close to 40 nm. The diffusion
constants D1 and D2 and the fraction size a of the fast state
from all displacements are determined using a fit to the
Diffusion Classification in Trajectories 595CDF of squared displacements (see Fig. S8). We obtained
D1 ¼ 0.112 5 0.001 mm2/s, and D2 ¼ 0.008 5 0.001
mm2/switha¼ 0.695 0.03 (the given errors are 5–95%con-
fidence intervals of the fit). Intercellular differences are larger
than the errors of fitting theCDF.Weused a segment length of
seven frames, which performs best according to simulations
for the given diffusion parameters (classification correctness
of 86%). State lifetimes (or kinetic rates, the inverse lifetime)
were obtained by combining the state durations from five
recordings of EGF receptor (unliganded) to get enough statis-
tics (see Fig. S9).
After diffusion-state classification, we reconstructed the
diffusion-state video (see Movie S3) and diffusion-state im-
ages at high resolution (Fig. 5 and see Fig. S10). In these
images, we clearly see distinct zones of slowed diffusion.
Furthermore, we see cellular structures such as filopodia
at the boundaries of the cell, and possibly collapsed filopo-
dial structures on the lower membrane. The presence of
EGF receptor in filopodia was expected, because EGF re-
ceptor undergoes retrograde transport in filopodia (46,47).DISCUSSION
The optimal segment length
The optimal segment length correlated to the state lifetime
in our simulations. For example, the optimal seven frames
in simulation cases A and B corresponds to the average stateFIGURE 5 The spatial distribution of the diffusion states exhibited by
EGF receptors in an MCF7 cell. The reconstructed image shows the areas
where receptors were classified in the fast diffusion state (green), and areas
where receptors were classified in the slow diffusion state (red). For a re-
gion at the periphery of the cell, a zoomed image (inset) shows clear regions
of slow diffusion. The image also shows that the receptor is associated with
certain cellular structures such as filopodia. The classification is performed
using the gyration method with a segment length of seven frames. The res-
olution of the reconstructed image is 30 nm/pixel. To see this figure in color,
go online.lifetime of 300 ms (7.5 frames), and when the state lifetimes
increase (simulation cases C and D), the optimal segment
length also increases. The optimal segment length also
varies for the different quantification measures, especially
when the state lifetimes increase (simulation cases C
and D). Because the state lifetimes are not known before
the classification, it would be preferable when the results
do not vary much for different segment lengths. We can
see that the gyration method with a segment length of seven
frames scores near optimal in almost all the cases simulated.
Therefore, a good strategy would be to perform the classifi-
cation first with the gyration method and a segment length of
5–7 frames. This might provide a good first classification
with an adequate correctness. Later, the classification may
be repeated with a different segment length more suitable
to the state lifetimes found to obtain an optimized classifica-
tion or a verification of the reconstructed diffusion-state
images.Diffusion state classification
We noticed that the gyration method has higher correctness
and is more robust compared to the other tested methods,
especially in situations with higher localization errors
(sxy ¼ 40 nm). The reason may be found in the fact that
more information is used to determine the gyration radius
compared to the value calculated with the windowed MSD
or the MLE methods. In the calculation of the gyration, the
information of the distances between all the segments posi-
tions is taken into account unlike in MLE. Therefore, the
gyration method not only considers the distance between
points, but also the relative locations of the positions. For
example, for pure diffusion, it is unlikely that a particlewould
move in only one direction. The MLE would not detect this,
because it only considers subsequent distances; however, the
gyration method will detect it. The spatial information of
relative location of the positions is only considered in the gy-
ration and confinement methods, which might be the reason
why these methods scored higher in classification of the two
diffusion states. In thewindowedMSDmethod, the optimum
result is obtained when the fit to find the diffusionvalue is ob-
tained from information only up to a time lag of three frames.
This means that in the case of the windowed MSD calcula-
tion, the distance information from the first to the last point
is not considered, whereas this is taken into account in the
gyration method. However, when the positions are more
precisely known (i.e., low localization error), the MLE and
Bayesian-based methods start to outperform the gyration
method. An explanation for thismight lie in the fact that these
methods make use of averaged distances of single steps. The
average value of single steps in a segment is apparently pre-
cise enough to find the most likely underlying diffusion
coefficient. Without localization errors, the (windowed)
MSD also scores best when only single steps (corresponding
to a time lag of one frame) are considered. Our approachwithBiophysical Journal 107(3) 588–598
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method (43). Another reasonwhy thewindowedMSD scores
lower than other methods might be because MSD values can
be negative, especially with higher localization errors. It is
not clear what the chance is that negative values represent
a slow or a fast state (we classified these values as slow),
such that negative values cannot be adequately classified.
Interestingly, it remains an open question whether the
gyration-based classification method is the optimal quan-
tification measure for the cases simulated, or if another
quantification measure can be invented that outperforms gy-
ration-based classification. We saw that classification based
on the maximum likelihood of the average of single step
sizes is outperformed by gyration-based classification,
hence MLE does not yield the optimal performance to this
problem. How to best combine all the positional information
of a segment remains an open question.
Although we demonstrated the state classification for
a two-population system, the framework and the methods
can also be used for more than two populations. The CDF
fit should then be adjusted for multiple populations, and
thresholds can similarly be set at the found ath percentile.
This expansion can be benchmarked using simulation situa-
tions comparable to those we have presented here. Other
quantification methods can also use this framework for
benchmarking the method in a realistic context of single
molecule experiment on plasma membrane receptors. In
this article we have tested prevalent analysis methods for
quantification of the local diffusion. Although the confine-
ment and gyration methods have been developed in the
context of confinement, they had never been applied for
quantification of pure Brownian motion, whereas we
showed that these methods outperform classical methods
to classify segments to a diffusion state.
Michalet (34) has discussed the practicality of using a
windowed MSD. He argued that the segment length must
be chosen small enough so as to measure local behavior
and not averaged global behavior, yet must still be large
enough to be sufficiently accurate inasmuch as too-small
windows have a broad distribution in output values. He
therefore concluded that this method can rarely provide
reliable estimates of the diffusion coefficients, and can
only show a difference in multiple orders of magnitude,
even for windows of 100 points. Although this conclusion
is valid in the case of exceedingly low diffusion coefficients,
such as D ¼ 104 mm2/s in his example, we showed that a
windowed MSD can still be useful in diffusion-state classi-
fication. However, it is indeed not as powerful as the other
methods tested.
We chose to use the CDF-fit approach to find the global
diffusion values. Another approach to obtain the diffusion
coefficients has been described using Bayesian statistics
(45) and a hidden Markov model. This method finds the
different (and hidden number of) diffusion states with their
diffusion coefficients (40). Although this method yieldsBiophysical Journal 107(3) 588–598accurate results, it also requires about a thousandfold
more computational time on our computer, whereas a
CDF fit is comparably accurate. Concerning the accuracy
of the quantification measure, we neglected the influence
of the exposure time on these values. Whereas this leads
to underestimation of the value of the diffusion coefficient
due to the averaging blur during exposure (1,48), we only
used the values to classify states; the exposure time effect
should not have much influence on this classification.
We only regarded spatiotemporal analysis methods in this
article, because the spatial information may yield especially
important information, such as where a molecule is interact-
ing. Therefore, we have excluded image correlation spec-
troscopy methods (such as particle image correlation
spectroscopy (49,50)) that do not require tracking, and a
Monte Carlo approach (38). Also, we only looked at alter-
nating diffusion states, and not at active transport or confine-
ment, as explained before.Application in live cells
The application of the gyration-based diffusion-state
classification approach demonstrated that the correctness
achieved is sufficient to identify spatial zones of slowed
diffusion within cellular structures. Such zones are particu-
larly important because they reflect the regions where the
protein interacts with other proteins or cellular compounds.
The physiological meaning of the slow diffusion zones in
our example of EGF receptor remains an open question at
the moment. They could be related to cytoskeletal structures
or regions where the receptor exhibits internalization. For
other proteins, we might find another distribution of mem-
brane patches of slowed diffusion, and specific diffusion
states near other cellular structures such as actin or microtu-
buli might be seen. In that case, single molecule trajectories
may indicate a role of such cellular structures in the
signaling of the protein studied when analyzed by diffu-
sion-state classification.
Diffusion-state lifetimes obtained by this classification
framework seem less informative, as they tend to be under-
estimated due to short periods of incorrect state classifica-
tion (see Fig. S5). To reliably obtain changes in state
lifetimes, a high classification correctness (>85%) seems
essential. However, state lifetimes can be used as a test to
confirm that the diffusive populations found (using the
CDF fit) are lasting longer than the timescale of the sam-
pling rate (time between frames). States with extremely
short lifetimes are probably caused by issues with multiple
intermixed diffusive states, and further diffusion classifica-
tion is unreliable in that case.CONCLUSION
In summary, we have introduced what we believe is a new
strategy for spatiotemporal classification of two-population
Diffusion Classification in Trajectories 597diffusion, and compared methods to be used for this classi-
fication. We have validated our proposed diffusion-state
classification approach by testing with simulations and
showed possible applications, such as determining diffu-
sion-state lifetimes and composing diffusion-state images.
The key feature of the proposed framework is that a diffu-
sion estimator is the logical choice but not necessarily the
best way to discriminate and classify segments to two diffu-
sion states. When we have determined the diffusion coeffi-
cients and their fractions present in the motion of all the
molecules (e.g., using a CDF fit of the squared displace-
ments (20)), there is no need to find a local diffusion
coefficient. What remains is the need to classify the local
motion to one of the found diffusion states. The found frac-
tion size a can be used to perform objective thresholding of
the local quantification measures. This avoids relying on
subjective manual thresholding in segment-based methods
to detect transitions between motion patterns (39), such as
relative confinement (4,36).
We have found that the gyration method is best used for
diffusion-state classification when the localization error
(due to photon shot noise and the finite proximity of the
fluorescent dye to the protein) is ~40 nm, whereas MLE
or Bayesian methods are preferred in the case of localization
errors of 20 nm or less. Although the differences in the re-
sulting classification correctness are small, the robustness
of the gyration method is higher than the MLE method,
especially when a limited number of displacements are
available for the CDF fit. Furthermore, the Bayesian method
was approximately a thousandfold slower on our computer,
whereas it outperforms the gyration-based classification
only marginally. For realistic plasma membrane receptor
motion, the optimal setting of the gyration method requires
a segment window of 4–7 frames; the method then classifies
70–90% correct, depending on the exact characteristics of
the motion. Simulations with spatially organized diffusion
states demonstrated that this is adequate to observe spatial
organization of diffusion states. The estimated correctness
for experimental data may be determined by performing
simulations as demonstrated. When the diffusion states are
visualized at high resolution at their position in live cells,
such diffusion-state images may aid in identifying spatially
separated zones of the occurring states on the membrane of
the cell. Zones of slowed diffusion are an indication of inter-
actions with the protein studied. We showed that such zones
exist for EGF receptors within cellular structures. The im-
age also showed static or slowly dynamic cellular structures,
such as filopodia.
In conclusion, new biophysical insights could be acquired
from spatiotemporal information of protein mobility. Such
information can be obtained through the proposed diffu-
sion-state classification approach. We expect that the visual-
ization of zones of altered diffusion of proteins on top of other
cellular structures will help in providing a better understand-
ing in the organization of the plasma membrane and the roleof the cytoskeleton in protein signaling. Spatial diffusion
classification will be a valuable tool for obtaining more
insight into the complex protein interactions in live cells.SUPPORTING MATERIAL
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